
UvA-DARE is a service provided by the library of the University of Amsterdam (http://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

Experiments on heterogeneous expectations and switching behavior

Bao, T.

Link to publication

Citation for published version (APA):
Bao, T. (2012). Experiments on heterogeneous expectations and switching behavior

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s) and/or copyright holder(s),
other than for strictly personal, individual use, unless the work is under an open content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please let the Library know, stating
your reasons. In case of a legitimate complaint, the Library will make the material inaccessible and/or remove it from the website. Please Ask
the Library: http://uba.uva.nl/en/contact, or a letter to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam,
The Netherlands. You will be contacted as soon as possible.

Download date: 20 Nov 2018

http://dare.uva.nl/personal/pure/en/publications/experiments-on-heterogeneous-expectations-and-switching-behavior(92e0a71e-d5d5-4e67-8f22-d6e3630be8ad).html


Chapter 4

Switching Behavior in the Lab:

Estimation of the Intensity of Choice

4.1 Introduction

Switching between pro�table alternatives is a common phenomenon in many aspects of

life, ranging from a decision about driving route to investment in �nancial markets. In

fact, it is very common for the professional �nancial websites (e.g. Morningstar, Yahoo

Finance) to provide the past performance of all mutual funds, and make recommendation

or rating of these funds based on the recent rankings. Individual investors then confront

themselves with a problem of discrete choice between these mutual funds to invest. Ev-

idence from empirical �nance suggests that the �ow in and out of these mutual funds is

indeed strongly driven by the recent past performance of these funds (see e.g. Patel et al,

1994, Sirri and Tufano, 1998).

Discrete choice models, where agents switch from one alternative to another over time

on the basis of the relative past performances of alternatives, have recently been uti-

lized to explain very di�erent economic phenomena: excess volatility of �nancial markets

(Brock and Hommes, 1997), learning in games (Camerer and Ho, 1998, 1999, Erev et al,
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1999), recurrent hyperin�ation in a number of countries (Marcet and Nicolini, 2002), etc.

These kind of models usually assume that economic agents are boundedly rational and

use heuristics to guide their predictions and decisions. There is usually more than one

heuristics, and agents switch between them over time based on their past performances.

The evolution of the weights of agents using di�erent kind of heuristics follows the discrete

choice rule. A very simple version of the model can be written as:

nk;t+1 =
exp [��k;t]PK
j=1 exp [��j;t]

; (4.1)

where nk;t is the fraction of agents using heuristic k at time t, and �k;t is the realized

payo� generated by using heuristic k at time t. This is a backward looking model, so the

fraction of agents using heuristic k in period t + 1 depends (positively) upon �k;t. The

idea behind this model is very intuitive: the di�erent heuristics can be treated just as

pro�table alternatives, if past performance contains information for future performance,

in order to choose the more pro�table alternatives, the agents will tend to choose the

more pro�table alternative in the recent past. In order to understand this model better

and apply it to real data, it is very important to estimate the switching rule, especially

the intensity of choice � in the model.

However, the problem of identifying the main determinants of switching behavior, es-

pecially the intensity of choice parameter � has thus far not been satisfactorily resolved.

Is there a universal � that can �t people’s decision in all environments? Is there hetero-

geneity in � between individuals? Is � a�ected by experience? We address these issues

by running laboratory experiments with human subjects.

We report the results of experiments where subjects have to make choices between

several (2, 3 or 4) experimental �funds". The time series of funds’ pro�ts are exogenously

generated prior to the experiment and we use di�erent types of time series for di�erent

treatments. The history of pro�ts of all funds until a given period is shown on the screen.

Every participant then chooses the fund and is paid for that period according to the pro�t
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of the chosen fund. Participants should make these choices during 80 consecutive periods

and we change the pro�ts’ time series after 40 periods. We use the multi-period setting

in order to get su�cient number of observations to estimate the discrete choice model.

We show the subjects di�erent types of time series so that it is possible to investigate

whether the parameters in the discrete choice model depend on the feature of time series

of the return history.

The experimental results show that subjects switch a lot between the funds. They earn

high pro�t when there is a structure (e.g. autocorrelation) in the data. A discrete choice

model with one lag and a predisposition e�ect provides a good �t to the data. There is

some heterogeneity in the intensity of choice parameter � between agents. There is no

evidence that experience has a strong impact on the switching behavior. The intensity of

choice � is heavily in�uenced by the structure of the time series of the pro�ts of funds.

Our work is related to the recent work of Anufriev and Hommes (2012a, 2012b) where

the evolutionary path of several heuristics commonly used in the experimental markets

calibrated. They show that three di�erent kind of aggregate outcomes (monotonic con-

vergence, oscillatory dampened price �uctuation and persistent price oscillations) can �nd

their driving forces in the evolutionary selection among some simple forecasting rules by

the market participants within a universal framework. But as the data of the experi-

ments are in the form of price prediction only, it is very di�cult to make direct analysis

on the weights of the participants following di�erent market heuristics. In this experi-

ment, the participants will be asked to choose just one alternative, which is sometimes the

pro�t of one predicting heuristic. That will make it much easier to do direct econometric

analysis on the relationship between weights the strategies gain and their relative per-

formance. There are also empirical works that estimate the discrete choice model using

data from �nancial markets, the in�ation rate and real estate market, such as Boswijk et

al. (2007), Cornea et al (2012), Goldbaum and Mizrach (2008), Franke and Westerho�

(2011), Kouwenberg and Zwinkels (2010).
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There are not many experimental �nance works where subjects make binary choices.

To our knowledge there is only an experimental literature on herding behavior (Anderson

and Holt, 1997, Drehmann et al, 2005, Alevy et al, 2007), or more speci�cally �information

cascades" where subjects chooses between two assets, one of which generates a positive

payo� and the other pays zero. They receive a public signal as well as a private signal

about which asset will pay the positive dividend. The public signal is the history of the

choices of former subjects who faced the same problem. An information cascade happens

when they purely base their decision on the public signal, even when the private signal

suggests them to choose the other asset. Anderson and Holt (1997) also estimated the

logit model on the probability of choosing one asset, and report the estimated �, which

is usually between 2 and 8. While in their experiment, di�erent subjects play in di�erent

periods and the payo� of the assets are more or less repeated (each asset has equal

probability to generate positive and zero payo�), in our experiment the same subject

makes decision for all periods, but the payo� of the assets are time varying.

Our work is also related to experimental studies on portfolio choice by Bossaerts et

al (2007). They investigate the relation between the weight people put on one �nancial

asset and its past performance. The weight updating rule should basically follow similar

learning models. The di�erence between our work and theirs is also very clear. Because

they are doing experiments on the theory of �nancial markets, the subjects in their ex-

periment choose the weight of wealth to put on each asset, which is a continuous decision

variable, while in our experiment the subjects make discrete choices.

The paper is organized as following, Section 2 discusses the experimental Design,

Section 3 reports the experimental result and Section 4 concludes.

4.2 Experimental Design

The experiment was taken June 17-18, 2010 at the CREED laboratory, University of

Amsterdam. 91 student subjects participate in 4 sessions of the experiment, and none of
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them participate in more than one session. Each session lasts for about 2 hours, and the

subjects’ payo�s are between 18 and 25 euros.

4.2.1 Subjects’ Task

The subjects in our experiment observe the time series of pro�ts of 2, 3 or 4 alternatives,

which are framed as mutual funds for 2 times of 50 periods. Each 50 periods consist of

10 periods for demonstration purpose for which they do not need to make a decision, and

40 periods for which they submit an investment decision and are paid according to the

pro�t they earn from the experimental funds. The funds are labeled as fund A and fund

B (or fund A and fund B and fund C if there are 3 time series, or fund A, B, C and D if

there are 4 time series). In each 50 periods they are shown the pro�ts of all funds in the

�rst 10 periods initially, and they are asked to make investment decisions by investing

with only one of the funds at each of the next 40 periods. Their payo� in each period is

just the pro�t of the fund they choose in that period. The pro�t is between 1 point and

16 points. They earn 1 euro for every 20 points they earn by the end of the experiment,

plus a show up fee of 5 euro.

Figure 4.1 shows an example of the screen the subjects face in the experiment. The

subjects see a graph on past return information in the bottom left part of the screen.

They see the same information in numbers in the table in the bottom right part. They

make discrete choice on which fund to invest, using the radio boxes in the top part of the

screen.

4.2.2 Treatments

We generate 7 di�erent sets of time series of fund pro�ts of 50 periods with di�erent data

generating processes (DGPs), and each subject will meet 2 of them during the experiment.

We make sure that they will not meet the same set of time series twice in the experiment.

The average pro�t a subject can earn with each of them are very similar. Therefore if
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Figure 4.1: An example experimental screen. The subjects submit their decision by choosing between
the radio icons in the top box, and can refer to information of past pro�ts of the funds in the graph and
table below.

there is a di�erence in the subjects’ behavior between di�erent treatments, it should be

caused by the structure of the time series instead of the di�erences in payo�. The 7 sets

of time series can be divided into 3 categories:

1. White noise time series: one set of 2 white noise time series, named WN2. This

type of data has no recognizable structure. The two time series are both generated

by:

�t = 5 + �t; (4.2)

where � is i.i.d. and �t � N(0; 1). The time series are shown in Figure 4.2.

2. Brock-Hommes time series: one set of a chaotic revenue series from the Brock-

Hommes (1997) model, named BH2, and 2 sets of 3 or 4 chaotic pro�t time series

from the Brock-Hommes (1998) model with noise, named BH3 and BH4. BH2 time

series have clearly recognizable, repeated, quasi-periodic patterns. Their ‘cycle’ is,

however, fairly unpredictable. BH3; BH4 time series has little structure.

The time series in BH2 are generated by the cobweb model in Brock and Hommes

(1997, pp1066-1067) with parameter setting � = 3:9; � = 0:5; � = 0:2. The time
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Figure 4.2: The pro�t time series generated by white noise models.

series in BH3 is generated by the model with 3 rules in Brock and Hommes

(1998, pp1240-1242) with parameter setting � = 450, and there is a noise following

N(0; 0:1) distribution on the price. The time series in BH4 is generated by the

model with 4 rules in Brock and Hommes (1998) with parameter setting � = 95,

and there is a noise following N(0; 0:12) distribution on the price. In order to make

the pro�t in all treatments comparable, we normalize all the time series so that they

�t in the range (0, 16), and have a mean around 5 . These time series are shown in

Figure 4.3.

3. Stock index time series: 3 sets of 2, 3 or 4 returns to stock indices, named

SI2; SI3; SI4. All these time series are highly autocorrelated.

These are real returns of 4 stock indices, the Austrian Trade Index (ATX), Belgium

20 Stock Index (BFX), Dow Jones Index (DJI) and FTSE 100 index (FTSE) from

October 2005 to November 2009. Instead of using just monthly return, we use

rotation based yearly return. We normalize the data to �t in (0, 16) by dividing the

pro�ts by 12 and adding 5. We use ATX and BFX indices in SI2, ATX, BFX and

DJI in SI3 and ATX, BFX, DJI and FTSE in SI4. These time series are shown in

We do it by multiplying the BH2 time series by 2 and subtracting 2, multiplying the BH3 time
series by 75 and adding 3, and multiplying the BH4 time series by 75 and adding 3.
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Figure 4.3: The pro�t time series generated by Brock-Hommes models.

Figure 4.4.

We select these three types of time series because they have three types of representa-

tive structure. TheWN2 time series has no autocorrelation and no periodic pattern. The

BH2 time series has a strong quasi-periodic pattern, and the BH3 and the BH4 time

series have chaotic pattern. SI2; SI3 and SI4 are time series with strong autocorrelation

and no periodic pattern. Typical discrete choice models are back ward looking models,

which implicitly assume that agents only care about the size of past pro�ts, and do not

use the patterns in past pro�ts to predict future pro�t. A model without forward looking

element will be strongly supported if there is no di�erence in the estimated discrete choice

model with these three types of time series. Otherwise the result may suggest that agents

may use the pattern in past pro�ts to predict future pro�ts, and assign some weight on

the predicted future pro�ts in making their decisions. Figure 4.5 shows the auctocor-
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Figure 4.4: The pro�t time series from returns to stock indices.

relation of di�erent types of time series. As di�erences between the pro�ts of di�erent

funds are more important than the absolute value of the pro�ts for the choice decision,

we plot the autocorrelation of di�erences of pro�ts. We pick fund A as benchmark, and

the di�erence is calculated as the pro�t of A minus the pro�t of each of the other funds.

The autocorrelation is plotted until the 10th lag. According to the Ljung-Box Q test,

the autocorrelation is signi�cant for none of the lags with WN2 time series, signi�cant at

5% level for all lags for the Brock-Hommes time series except for the di�erence between

the pro�t of fund A and D in BH4, for which none of the lags is signi�cant, and it is

signi�cant for all lags and the di�erence between all pairs of funds in the Stock Indices

time series. The autocorrelation in the pro�t di�erence is very high in stock index time

series. The autocorrelation is higher in the BH2 time series than BH3 and BH4, and it

is almost invisible in WN2. Moreover, as the time series in SI4 includes the time series
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SI2 and SI3, we plot only SI4 for the stock indices time series.

Figure 4.5: The autocorrelation of the di�erence of pro�ts in each type of time series. The numbers on
the horizontal axis indicate the order of lags.

There are 7 � 6 = 42 di�erent combinations of the the times series, and we decided

to take the 6 most interesting ones from them, labeled as T1; T2; T3; T4; T5 and T6. The

summary information of the treatment design can be found in Table 4.2.1.

We make sure that the maximum, minimum and average pro�t in each type of time

series is similar. The descriptive statistics can be found in Table 4.2.2. This setting can

make sure that when we estimate the discrete choice model in later sections, the estimated

intensity of choice variable is free from a scaling e�ect.
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Time-series Unexperienced Experienced Total
WN2 (T1 and T6) 16 13 29
BH2 (T2 and T5) 15 14 29
BH3 (T3 and T1) 14 16 30
BH4 (T4) No 14 14
SI2 (T4 and T3) 14 14 28
SI3 (T5) 14 No 14
SI4 (T6 and T2) 13 15 28

Table 4.2.1: General setting of the experiment. This table shows the number of participants in each
treatment.

Time series min mean max
WN2 0.60 5.64 10.25
BH2 0.47 5.58 9.42
BH3 0.87 4.55 12.69
BH4 1.33 5.64 10.64
SI2 0.36 4.66 8.04
SI3 0.36 4.27 8.04
SI4 0.36 4.89 8.04

Table 4.2.2: Descriptive statistics about payo� in terms of points with each time series.

4.3 Experimental Results

4.3.1 Fraction of Choice

Figure 4.6 is an area chart that plots the time series of the shares of subjects choosing

fund A, B, C and D. It can be seen that the shares change heavily during the experiment,

which suggests that the subject play actively during the experiment. The shares �uctuate

a lot over the periods, and the dynamics of shares are similar for the same type of time

series.

It is noticeable for the WN2 time series, although there is no di�erence in the average

pro�t of fund A and B, people still choose fund A with a higher frequency than fund B.

It may be partly due to some �default choice bias" by which they may assume that fund

A is better than B if no more information is available. However, when they are faced

with the BH2 time series, where fund B is usually better than fund A, they are able
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to choose fund B with a higher frequency than fund A. It is also noticeable that in the

SI4 treatment, the agents usually start by choosing fund A with a high probability, and

switch to fund D in the �nal periods, which is consistent with the fact that fund A usually

generates the highest pro�t in early periods, while fund D is usually the most pro�table

fund in the �nal periods. All these facts suggest that the subjects are able to capture

some qualitative trends in the table and �gure and make appropriate adjustment in their

choice decision accordingly.

Figure 4.7 plots the fraction of subjects choosing fund A against a binary variable that

equal 1 if the return of A is larger than that of B in the last period, and 0 otherwise. This

�gure illustrates whether there is past return chasing behavior in each treatment. If the

subjects are past return chasing, the fraction should go down when the binary variable

is 0, and go up with the binary variable is 1. This is almost always the case with the

unexperienced subjects in WN2 treatment, and a little less the case with the experienced

subjects. For BH2 time series, the data also suggests that subjects are return chasing,

although the fraction of choice of A goes up (down) when the return of fund A has been

lower (higher) for several periods. This is due to the fact that BH2 time series have quasi

periodic pattern, and the cycle is relatively longer in the later periods of the experiment

than earlier periods. The subjects will therefore choose the fund that has generated lower

return for several periods in anticipation that the order of return will reverse in the next

period. The data for SI2 time series also show support for return chasing behavior.

The fraction of subjects choosing A almost always goes up (down) when the return of

A is higher (lower) in the last period, except for the unexperienced subjects at the very

beginning of the experiment.
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Figure 4.6: Shares of choices. From top to bottom: shares forWN2, BH2, BH3, SI2, SI4(unexperienced
in left panel and experienced on right panel), SI3 (bottom left) and BH4 (bottom right).
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Figure 4.7: The fraction of subjects choosing fund A (diamonds) plotted against the binary variable that
indicates whether fund A generates higher return than fund B in the last period (squares).

4.3.2 Frequency of Switches

We count the number of switches made by the subjects in each treatment. A switch

occurs when a subject chooses a di�erent fund in period t than in period t � 1. As the

number of subjects is di�erent for di�erent treatments, we use the number of switches per

subject per period (similar to the probability for a subject to switch in each period) as a

measure to compare di�erent treatments. The results are shown in Table 4.3.1.

We can see from this table that the probability for a subjects to switch in each period

is between 20% to 55%, which shows that they really switch actively. The probability

of switching is similar for subjects seeing the same kind of time series. There is no clear
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Treatment Phase Total Number of Switches Switches per Person per Period Time Series
1 1 210 0.33 WN2

2 341 0.53 BH3
2 1 159 0.27 BH2

2 254 0.42 SI4
3 1 308 0.55 BH3

2 129 0.23 SI2
4 1 147 0.26 SI2

2 210 0.38 BH4
5 1 169 0.30 SI3

2 153 0.27 BH2
6 1 218 0.42 SI4

2 228 0.44 WN2

Table 4.3.1: Number of switching in each treatment.

di�erence in the probability of switching between unexperienced and experienced subjects

seeing the same kind of time series.

Figure 4.8 shows the empirical cumulative distribution function of the number of

switches for each individual in di�erent treatments. The horizontal axis is the number of

switching made by each subjects. The minimum number is 0, and the maximum is 39.

The vertical axis is in terms of percentages. We see most people switch between 10 and 20

times, and zero and very high frequencies of switching (more than 30) are rare. In some

of the treatments, we see �rst order stochastic dominance or almost �rst order stochastic

dominance. In the treatments with WN2 time series, �rst order stochastic dominance

suggests that experienced subjects switch more often than unexperienced ones, while with

SI2 time series, unexperienced subjects switch more often.

4.3.3 Learning E�ect

We want to see whether the subjects learn from the experiment and earn more in later

periods than earlier periods. Figure 4.9 plots the time series of the fraction of people

who choose the best fund (which generates the highest pro�t) in each treatment. If the

learning e�ect plays an important role, we should see an increasing fraction of people
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Figure 4.8: Empirical CDF function of the number of switches in di�erent treatments. The vertical axis
is in terms of percentage.
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Time-series Unexperienced Experienced Total
WN2 (T1 and T6) 0.5313 0.5115 0.5214
BH2 (T2 and T5) 0.8133 0.8500 0.8317
BH3 (T3 and T1) 0.4625 0.4313 0.4469
BH4 (T4) No 0.5768 0.5768
SI2 (T4 and T3) 0.7250 0.7089 0.7170
SI3 (T5) 0.6518 No 0.6518
SI4 (T6 and T2) 0.5692 0.5967 0.5829

Table 4.3.2: Fraction of best choice in each treatment and phases.

choosing the best choice.

We �nd that the time series of the fraction of subjects choosing the best looks very

similar for the same type of time series, and the level of learning e�ect depends on the

type of time series. For the BH2 and SI2 we clearly see a higher fraction of choice of

the best fund in later periods compared to earlier periods, while for the other time series,

there is no clear trend in the fraction of choice of best fund.

Table 4.3.2 shows the average fraction of subjects choosing the best fund in each phase.

The fraction of people choosing the best fund is very similar for the same type of time

series. People choose the best fund with highest probability when they see the BH2 and

SI2 time series, which have a lot of structure. The fraction of best choice is lowest with

time series BH3, where the data is extremely unpredictable. The fraction of best choice

in phases with the WN2 time series is a little more than 0.5, but a Wilcoxon sign rank

test indicates that it is not signi�cantly di�erent from 0.5 at 5% level. There is no clear

pattern whether the fraction of best choice is higher or lower with experienced subjects

compared to inexperienced subjects, and none of the di�erences between the fraction of

subjects choosing the best fund with experienced and unexperienced subjects is signi�cant

at 5% according to Mann Whitney Wilcoxon test. Hence, these results show that there

is a learning e�ect over time for the BH2 and SI2, but no learning e�ect by experience.
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Figure 4.9: This �gure shows the fraction of people choosing the best fund. From the top to the bot-
tom: time series ofWN2; BH2; BH3; BH4; SI2; SI3; SI4. Square indicates unexperienced subjects, and
triangle indicates experienced subjects.

4.3.4 Estimation of �

In this section we try to estimate the intensity of choice parameter � in the switching

model using the experimental data. In theoretical models of dynamic binary choice, � is
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usually exogenously given. In this experiment we are interested in whether � is a�ected

by the characteristics of the participants who make the decision, or the environment and

context of the decision.

4.3.5 Binary Choice

For 6 phases (with WN2; BH2 or SI2 time series) with two alternatives, A and B, we

estimate the model on individual data. The model for individual i is given by probabilities

of choice at time t. The probability for agents to choose fund A is written as:

P (ci;t = AjIt�1) =
expUA

t�1

expUA
t�1 + expUB

t�1
;

where
UA
t�1 = � + ��At�1

UB
t�1 = ��Bt�1 :

The results are in Table 4.A.1. According to FcFadden R squared, the goodness of

�t of the model is highest in SI2 treatments, and lowest in WN2 treatments. In order

to check whether there is heterogeneity in the intensity of choice � across individuals, we

do the estimation including a dummy variable Di (i 2 f1; 2; :::; Ig, where I is the total

number of participants in this treatment) for each individual in the form:

P (ci;t = AjIt�1) =
expUA

t�1

expUA
t�1 + expUB

t�1
;

where
UA
t�1 = � + �(1 + 
iDi)�At�1

UB
t�1 = �(1 + 
iDi)�Bt�1 :

If there is a lot of heterogeneity in �, we should see many 
i that are signi�cantly di�erent

from 0 at 5% level. It turns out the level of heterogeneity is at a mild level. The number

of signi�cant 
i is 3 out of 16 for unexperienced subjects in the WN2 session (treatment
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1), 6 out of 13 for experienced subjects in the WN2 session (treatment 6), 1 out 15

for unexperienced subjects in the BH2 session (treatment 2), 2 out of 14 for experience

subjects in the BH2 session (treatment 5), 1 out of 14 for unexperienced subjects in the

SI2 session (treatment 4), and 3 out of 14 for experienced subjects in the SI2 session

(treatment 3).

Figure 4.10 shows the �tted fraction of choice of A using the restricted model (including

only �; �) with 1 lag against the share of subjects choosing fund A from experimental

data. At the aggregate level, this simple model with 1 lag can already provide very good

description of the experimental data. According to numbers reported in Table 4.A.1, the

mean squared error of the model is highest in BH2 treatments due to larger variation of

the dependent variable, and very similar in WN2 and BH2 treatments.

We are also interested in whether the model can make good out of sample prediction.

Therefore we estimate the model using the data in �rst 20 periods (periods 1-20), and

use the estimated coe�cients to predict the data in the later 20 periods (periods 21-40).

We plot the actual and predicted probability together with the in sample �tted data by

the model using data from all periods in Figure 4.11. The �gure shows that the out of

sample prediction of this model is almost the same as the in sample �tted data.

As the payo� in all treatments is about 5 points per period, the di�erence in the

intensity of choice in this experiment can not be caused by a scaling e�ect. We �nd the

estimated � to be very high in the SI2 sessions, and low in the the WN2 sessions. This

result has an intuitive explanation: choosing the fund that generated higher pro�t in last

period can lead to higher pro�t in future periods only when the pro�t has high positive

autocorrelation. This suggests that the intensity of choice � is a�ected by the structure

of the pro�t time series. There is also some di�erence between the estimated � with

experienced and unexperienced subjects. However, there is no clear pattern whether � is

unambiguously higher or lower with experienced or unexperienced subjects.
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Figure 4.10: The actual and �tted time series by the simple 1 lag models. The diamonds are the
experimental data, and the squares are the �tted fractions by the model.

4.3.6 Multiple choice

For sessions with 3 or 4 funds (with BH3; BH4; SI3 and SI4 time series), we estimate

the logit model in the forms of.

P (ci;t = AjIt�1) =
expUA

t�1

expUA
t�1 + expUB

t�1 + expUC
t�1

P (ci;t = AjIt�1) =
expUA

t�1

expUA
t�1 + expUB

t�1 + expUC
t�1 + expUD

t�1
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Figure 4.11: The actual and �tted time series by the simple 1 lag models in periods 21-40. The diamonds
are the experimental data, the squares are the in sample prediction by the model using all data, and
triangles are the out of sample prediction by the model using data in periods 1-20 only.

We use the "mlogit" command in Stata and set the last option to be the base outcome.

Therefore by assumption UC
t�1 = 1 when subjects choose between three alternatives and

UD
t�1 = 1 when they choose between four. We consider the following two speci�cations:

UA
t�1 = �A0 + �A1 �

A
t�1

UK
t�1 = �B1 �

B
t�1; K 6= A:
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and

UA
t�1 = � + ��At�1

UK
t�1 = ��Bt�1; K 6= A:

The result of the aggregate estimation can be found table 4.A.2. The estimated � is

very small or even insigni�cant for the BH3 sessions, where there is very little structure

in the time series, and relatively large (about 2.5) for the SI4 sessions. There is again

no clear patter whether � is higher or lower for experienced/unexperienced subjects. The

estimation results con�rm that � is mainly a�ected by the predictability of the pro�t time

series.

Figure 4.12 plots the simulated fractions of choice by the model of the second speci�-

cation with estimated coe�cients against experimental data. The simulation reproduces

the pattern in the data very well.
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Figure 4.12: Simulated shares of choice by multiple choice model and the experimental data. The
simulated shares are shown in the left panel, and actual experimental data are shown in the right panel.
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4.4 Conclusion

We run an experiment where subjects make discrete choice between several pro�table

funds to investigate whether they switch between the funds and what are the driving

forces behind the switching behavior. The experimental data shows that human subjects

switch a lot when they are faced with dynamic discrete choice between di�erent pro�table

alternatives. When there is a time structure in the data, such as autocorrelation and

cyclical patterns, they are able to make choices that bring them high pro�t very often.

When there is less structure in the time series, e.g. a chaotic or random time series, the

may turn to heuristic decision rule such as �choosing the best fund in the last period".

We do not �nd much support for learning for most of the treatments, as there is usually

no di�erence between the quality of choice by experienced and unexperienced subjects.

The behavior of the subjects can be described by related theoretical models, such

as Brock and Hommes (1997). A simple model with only one lag can already capture

the patterns in the data to a large extent. There is a mild level of heterogeneity in the

estimated intensity of choice �. There is no clear evidence that learning or experience

can a�ect �. The type of pro�t time series has a strong impact on �. The larger the

autocorrelation in the pro�t time series, the higher is �. These �ndings suggest that the

aggregate discrete choice model can in principle be used to �t empirical and experimental

data, and the initial value of � in the model should be chosen according to the structure

of the pro�t time series for di�erent alternatives.
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4.A Appendix

4.A.1 Experimental Instructions

In this experiment you will observe the time series of the �nancial returns of 2, 3 or 4

investment funds: fund A, B (or fund A, B, C, fund A, B, C, D) for 150 consecutive. You

will have to make an investment decision by choosing one of these funds. Your payo� in

the experiment will depend on the return of the fund chosen as your investment decision.

The actual returns of the funds will always be positive. The information you have

when making your forecasts and investment decision consists of the actual returns of the

funds in the recent past. After each 50 periods of predictions, we will show you the returns

of new funds, which might not have the same pattern as the former ones.

Earnings

You may earn points for every period of the experiment. The earned points will be

transformed to the payo� in Euros at the end of the experiment. The number of points

you get is the return from the fund you have chosen this period.

At the end of the experiment you are paid 1 euro for each 20 points you earned during

the experiment. In addition you will get a show-up fee of 5 euros. As an example, if for

one period you choose between 3 funds, and your choice and the actual returns are as in

the table below:

The Fund You choose Pro�t of Fund A Pro�t of Fund B Pro�t of Fund C Your Payo�
A 3 1.3 4.6 3

Then: you will get 3 points for this period, which is the actual return on fund A.

You earn 1 euro for each 20 points you make till the end of the experiment.
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4.A.2 Estimation Result of Discrete Choice Models

Binary Choice

Phase Type � � log-likelihood McFadden R-squared MSE
T1_40 WN2 0:901 0:139 �367:402 0:024 0:0210

(0:090) (0:033)
T6_80 WN2 0:430 0:293 �307:493 0:098 0:0299

(0:098) (0:039)
T2_40 BH2 �0:197 0:378 �315:741 0:212 0:0809

(0:103) (0:034)
T5_80 BH2 �0:314 0:438 �267:038 0:271 0:0391

(0:113) (0:038)
T4_40 SI2 0:573 4:504 �200:018 0:482 0:0219

(0:144) (0:374)
T3_80 SI2 0:381 3:293 �246:644 0:361 0:0140

(0:119) (0:271)

Table 4.A.1: Aggregate estimation of binary choice models.

Multiple Choice
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Treatment Coe�cicient Std. Err. T Statistic p-value
BH3-Uexp �A

t � 1 0.0056 0.0423 0.13 0.895
�B

t � 1 0.3692 0.0165 2.24 0.025
constant -0.1163 0.2051 -0.57 0.571

� -0.255 0.0935 -2.73 0.006
� 0.035 0.0164 2.13 0.033

BH3-Exp �A
t � 1
�B

t � 1 0.0965 0.019 5.08 0
constant 0.1295 0.0902 1.43 0.151

� 0.3295 0.355 0.93 0.353
� -0.098 0.0955 -1.03 0.305

BH4-Exp �A
t � 1 1.6978 0.1244 13.65 0
�B

t � 1 1.6293 0.137 11.89 0
�C

t � 1
constant 1.5952 0.1032 15.46 0

� 1.5961 0.1033 15.44 0
� 1.6734 0.1174 14.26 0

SI3-Uexp �A
t � 1 0.4273 0.0528 8.09 0
�B

t � 1 -0.6777 0.0238 -2.85 0.004
constant -2.4296 0.3165 -7.68 0

� -0.0725 0.1041 0.49 0.486
� 0.0075 0.0196 0.38 0.705

SI4-Uexp �A
t � 1 2.2317 0.1783 12.52 0
�B

t � 1 2.5075 0.1848 13.57 0
�C

t � 1 3.8102 0.3175 12 0
constant -0.4416 0.136 -3.25 0.001

� -0.1305 0.1085 -1.2 0.229
� 2.5152 0.1549 16.23 0

SI4-Exp �A
t � 1 4.0784 0.2657 15.35 0
�B

t � 1 4.0972 0.2699 15.18 0
�C

t � 1 4.7236 0.3586 13.17 0
constant -0.0.0739 0.1306 -0.57 0.571

� 0.0500 0.1129 0.44 0.658
� 4.1987 0.2439 17.21 0

Table 4.A.2: Aggregate estimation of multiple choice models.
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